Abstract. Arctic field studies have indicated that the air temperature, soil moisture and vegetation at a site influence the quantity of snow accumulated, and that snow accumulation can alter growing-season soil moisture and vegetation. Climate change is predicted to bring about warmer air temperatures, greater snow accumulation and northward movements of the shrub and tree lines. Understanding the responses of northern environments to changes in snow and growingseason land surface characteristics requires: (1) insights into the present-day linkages between snow and growing-season land surface characteristics; and (2) the ability to continue to monitor these associations over time across the vast panArctic. The objective of this study was therefore to examine the pan-Arctic (north of 60 • N) linkages between two temporally distinct data products created from AMSR-E satellite passive microwave observations: GlobSnow snow water equivalent (SWE), and NTSG growing-season AMSR-E Land Parameters (air temperature, soil moisture and vegetation transmissivity). Due to the complex and interconnected nature of processes determining snow and growingseason land surface characteristics, these associations were analyzed using the modern nonparametric technique of alternating conditional expectations (ACE), as this approach does not impose a predefined analytic form. Findings indicate that regions with lower vegetation transmissivity (more biomass) at the start and end of the growing season tend to accumulate less snow at the start and end of the snow season, possibly due to interception and sublimation. Warmer air temperatures at the start and end of the growing season were associated with diminished snow accumulation at the start and end of the snow season. High latitude sites with warmer mean annual growing-season temperatures tended to accumulate more snow, probably due to the greater availability of water vapor for snow season precipitation at warmer locations. Regions with drier soils preceding snow onset tended to accumulate greater quantities of snow, likely because drier soils freeze faster and more thoroughly than wetter soils. Understanding and continuing to monitor these linkages at the regional scale using the ACE approach can allow insights to be gained into the complex response of Arctic ecosystems to climate-driven shifts in air temperature, vegetation, soil moisture and snow accumulation.
Introduction
Interactions between cryospheric, biological and atmospheric components play an important role in the Arctic climate system (Serreze and Barry, 2005) , and linkages between snow water equivalent (SWE), soil moisture, air temperature and the quantity of vegetation determine the carbon balance of northern regions (Sitch et al., 2007) . Northern field studies have determined that snow accumulation is influenced by the snow season climate (Sturm et al., 1995) . Snow accumulation is also known to be altered by vegetation species compositions. Patches of shrubs reduce windspeeds, leading to the deposition of windblown snow particles and an increase in snow accumulation immediately
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downwind (Sturm et al., 2001a) . Regions with greater quantities of evergreen biomass tend to retain less snow due to interception and sublimation (Pomeroy et al., 2002) . Changes in snow accumulation have also been found to alter vegetation species composition at an Arctic tundra site (Wahren et al., 2005) , and have been found to result in anomalous soil moisture values over the following growing season in a semiarid area of Eurasia (Shinoda, 2001) . Field-scale associations between snow and growing-season land surface characteristics are therefore relatively well understood.
However, due to the scale dependence of many processes, the spatial heterogeneity of Arctic regions, and the lack of exhaustive pan-Arctic coverage by ground-based sampling, understanding the complex response of pan-Arctic environments to climate change relies on the ability to characterize land surface properties using remote sensing observations, and to analyze shifts in the associations between snow and growing properties at the regional to circumpolar resolution. It is therefore important that these land surface characteristics and their seasonal linkages be well understood as they appear in both field and remote sensing observations. Analyzing these linkages in remote sensing observations could also assist in improving model estimates of processes such as carbon cycling, which respond to snow accumulation as well as growing-season soil moisture, air temperature and vegetation Sullivan et al., 2008; Morgner et al., 1998) . Model estimates of these processes typically rely on remote sensing observations of growingseason land surface characteristics, but do not usually include snow season remote sensing observations (Luus et al., 2013b) . Findings regarding the pan-Arctic associations between snow and growing-season land surface characteristics could therefore have important implications for future efforts to understand and model ecosystem processes and their responses to climate change.
The passive microwave data products analyzed in this study were created by a consortium of researchers led by the Finnish Meteorological Institute (FMI) (e.g. Luojus et al., 2009 ) and the University of Montana's Numerical Terradynamic Simulation Group (NTSG) (e.g. Jones and Kimball, 2012) from Advanced Microwave Scanning Radiometer for the Earth Observing System (AMSR-E) observations. The FMI-led research group produced GlobSnow SWE, and the NTSG group produced AMSR-E Land Parameter growingseason estimates of air temperature, soil moisture, vegetation transmissivity and fractional water content. A comprehensive summary of these data sets can be found in Appendix A.
The central aim of this study was to analyze linkages between GlobSnow SWE and NTSG AMSR-E Land Parameters air temperature, soil moisture and vegetation transmissivity for the entire terrestrial region north of 60 • N. The objectives were to examine: -similarities in general tendencies of the land surface between seasons (e.g. do regions that have greater quantities of vegetation also tend to have more SWE?)
-whether regions that experience certain conditions at the end of the growing season tend to receive altered quantities of SWE (e.g. do areas that tend to be warmer at the end of the growing season tend to accumulate less snow in the early portion of the snow season?)
-associations between snow accumulation at the end of the snow season and land surface variables at the start of the growing season (e.g. do sites with slower snowmelt at the end of the snow season tend to have drier soil moisture at the start of the growing season?)
The modern nonparametric approach of Alternating Conditional Expectations (ACE) was applied to analyze the relationships between each pair of snow and growing-season variables from passive microwave observations. As the ACE technique has not yet been widely used in the biogeosciences, a thorough explanation of the theory behind ACE and the strategies used to assess ACE output are provided below.
Alternating conditional expectations (ACE)
The ACE approach can be used to describe the underlying, nonlinear relationships that exist between predictor and response variables (Breiman and Friedman, 1985; Frank and Lanteri, 1988) . Previous work has indicated that the ACE technique can be used to reveal complex relationships that exist in large data sets (e.g. Gel, 2007) .
A standard linear regression approach provides a least squares estimate of the linear relationship between a response variable (y) and one or more predictor variables (x j ) according to regression coefficients (a j ) and an intercept (a 0 ):
a j x j .
(1)
Techniques such as linear regression and principal component analysis (PCA) are based on the assumption that linear associations exist between response and predictor variables. However, in cases where this assumption is unfounded, applying a linear regression or PCA approach can lead to erroneous or misleading results, as described by Wang and Murphy (2004) . A nonlinear approach should therefore be applied whenever it is recognized that only a small portion of the variance in the response variable can be explained using a linear model. One common approach is to apply nonlinear transformations (e.g. polynomial, logarithmic, square root) to the response or predictor variables in order to linearize their association, and to then use the transformed output in a linear model. However, selecting the best possible transformation
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for a given data set can be challenging, especially over large or noisy data sets, and can be complicated by the fact that the optimal transformation may not be monotonic or of a standard analytic form.
The ACE technique uses an iterative method to find the least squares optimal smoothing functions g and f j that linearize the association between g(y) and f j (x j ):
where the g and f j functions need not be monotonic or of a standard analytic form. By analyzing the shape of the point pairs [x j , f j (x j )] and [y, g(y)], insights can be gained into the underlying nonlinear relationships between y and x j (Wang and Murphy, 2004; Breiman and Friedman, 1985; Frank and Lanteri, 1988) . The optimal smoothing functions g and f j are identified by minimizing the error function 2 (g, f 1 , . . .f p ) = E g(y) − 
Once 2 fails to decrease, the values of f j (x j ) have been selected. The response transformation function g(y) is then optimized in an outer loop using the final values of f k j (x j ) g k+1 (y) = E j f k j (x j )|y
until 2 again fails to decrease (Breiman and Friedman, 1985; Frank and Lanteri, 1988) . Through this algorithm, the optimal transformations f j (x j ) and g(y) are identified. Proof exists that the ACE algorithm results in convergence of f j and g to their optimal transformations, which need not be either of a specific analytic form or monotonic (Breiman and Friedman, 1985; Frank and Lanteri, 1988) . The resulting output is therefore expressed according to the point pairs [x j , f j (x j )] and [y, g(y) ], rather than by a specific mathematical form. Visual analysis consists of examining scatter plots of these point pairs, where each plot indicates the original data values (e.g. y and x 1 ) relative to their transformed values (e.g. g(y) and f 1 (x 1 )) (Frank and Lanteri, 1988) . Since the ACE technique finds the least squares optimal values of g and f j such that the linear association between g(y) and p j =1 f j (x j ) is maximized, it is crucial that the plots of point pairs [x j , f j (x j )] and [y, g(y) ] be interpreted relative to one another.
ACE examples
In order to demonstrate how the output from ACE is analyzed, three simple but detailed examples are provided. In Figs. 1 and 2, temporal associations are assessed between two meteorological variables measured at the University of Waterloo Weather Station in 2000. Example 1 focuses on the associations between soil temperature and air temperature, and example 2 describes the associations between barometric pressure and precipitation. The relationships between x and y can be easily detected without the ACE technique in Fig. 1 but not Fig. 2 . In example 3, the first plot of the actual ACE results from this paper is interpreted very thoroughly (Fig. 4a ) in order to provide a foundation for interpreting all ACE plots shown in this paper.
When both air temperature (x) and soil temperature at 20 cm depth (y) are plotted over time ( Fig. 1 left) , examination of these plots indicates that soil and air temperatures are greatest in summer, and that air temperature shows greater diurnal variation than soil temperature in winter. Plotting soil temperature against air temperature (x vs. y) indicates that an approximately linear association appears to exist between these variables at warm air temperatures (≈> −5 • C). Similarly, point pair output from the ACE algorithm ( Fig. 1  right) indicates an approximately positive linear association between soil temperature and transformed soil temperature [y, g(y) ], and an approximately logarithmic association between air temperature and transformed air temperature [x, f (x) ] when air temperature is > −5 • C.
When analyzed together, the ACE point pair output indicates that a positive association exists between soil and air temperatures. The steepness of the slope in the plot of [x, f (x)] appears to diminish at air temperatures above ≈20 • C, and below −5 • C. At subzero air temperatures, soil temperature and air temperature become decoupled due to the low thermal conductivity of the overlying snowpack, and effect which can be observed in plots of x and y over time. Similarly, due to the greater diurnal variability of air temperature relative to soil temperature seen in Fig. 1 left, observations of peak daily air temperature likely do not correspond with as substantial of a peak in daily soil temperature. When considered over all values of x, the slope of f (x) changes shape at air temperatures of x = −5 • C and x =20 • C, and is most strongly positive over intermediate values of x. In other words, if the data set were to be separated into three bins according to these x values, we could expect that the coefficients from the linear regressions would be largest and 
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Likewise, the ACE technique can be applied to find associations within data sets that are not immediately apparent in exploratory plots. When precipitation from a tipping bucket (x) and barometric pressure (y) are plotted over time (Fig. 2  left) , precipitation shows spikes with distinct events whereas barometric pressure varies with greater frequency. As a result, no clear similarity is shown in these plots over time, or when precipitation is plotted against barometric pressure. Point pair output from the ACE approach (Fig 2 right) indicates a negative approximately piece-wise linear association between barometric pressure and its transformed values [x, f (x)], and a positive approximately piece-wise linear association between precipitation and its transformed values [y, g(y) ]. ACE output therefore elucidates the tendency for greater quantities of precipitation to be received at lower barometric pressures, an association which is strongest at the lowest levels of barometric pressure.
These two simple examples were specifically selected such that the associations between x and y could be easily identified with and without ACE (Fig. 1) , and such that the associations between [x, f (x)] and between [y, g(y)] could be described as linear (Fig. 2) . Conversely, when the ACE approach is applied to assess associations in the GlobSnow SWE and NTSG AMSR-E Land Parameter data sets, the relationships are complex, and nonlinear. Likewise, the shape and strength of associations shown in plots of [x, f (x)] and [y, g(y) ] cannot be visually interpreted from plots of [x, y] . The ACE technique therefore provides insights into associations between x and y that could not be gained through the application of techniques that rely on assumptions about the underlying shape of associations. Table 1 .
In order to demonstrate how plots in this paper were analyzed, a detailed description is provided here of the article's first ACE point pair plot created from pan-Arctic AMSR-E derived observations. Figure 4a shows the shape of the associations between NTSG AMSR-E growing-season air temperature TA and its transformation t(TA) (Fig. 4a left) , as well as the paired associations between GlobSnow SWE and its transformation t(SWE) (Fig. 4a right) When examining plots of TA vs. transformed TA (Fig. 4a  left) , it is clear that an approximately linear monotonically increasing transformation is selected to describe the associations between TA and t(TA) over mean annual and autumn time periods. Over spring time periods, an approximately linear monotonically increasing function is selected for locations with warm (> 5 • C) air temperatures at the start of the growing season. Figure 4a right shows an inverse, approximately linear association to exist between SWE and t(SWE) in spring and autumn. When the findings from Fig. 4a left and Fig. 4a right are jointly considered, it can be inferred that among all pan-Arctic evergreen sites, those that had relatively greater snow accumulation or more rapid snow onset at the start of the snow season also had colder temperatures at the end of the preceding snow seasons. Similarly, among evergreen sites with an average TA > 5 • C at the start of the snow season, sites which were relatively colder at the start of the growing season had more snow accumulation at the end of the snow season, or underwent more rapid snowmelt. When examining the shape of the black lines describing mean annual SWE vs. mean annual t(SWE), a point of inflection at ≈115 mm can be clearly seen. A positive association between SWE and TA therefore exists over regions with mean annual SWE≥115 mm, and a negative association between SWE and TA exists over regions with mean annual SWE≤115 mm. All remaining plots in this paper were examined and analyzed in a similar way, and then discussed in context of in situ findings.
Methodology
GlobSnow SWE and NTSG AMSR-E Land Parameter data sets were first prepared for analysis and partitioned into vegetation classes. An exploratory analysis was conducted to examine the linear spatial relationships between data sets. The modern nonparametric method of Alternating Conditional Expectations (ACE) was then applied to examine the potentially nonlinear pan-Arctic linkages between SWE and growing-season air temperature, soil moisture and vegetation transmissivity. 
Exploratory analysis
A brief exploratory analysis of mean values for each variable over the 2003-2008 time period (Fig. 3a-f ) indicated that growing-season air temperature and vegetation opacity display a latitudinal gradient, with cooler temperatures and less vegetation at high latitudes, likely due to the temperature dependence of Arctic vegetation (Hare, 1968; Ritchie and Hare, 1971) . Soil moisture and snow water equivalent show greater spatial variability due to topographic, meteorological, atmospheric, and land surface influences (Callaghan et al., 2011; Serreze and Barry, 2005) . Greater values of SWE occur in regions where more snowfall occurs, where windblown snow is accumulated, or where snowmelt during the snow season is less frequent or less substantial. Ideally, these contributions to SWE could be partitioned so that the linkages between growing-season variables with snowfall, snowmelt and windblown snow deposition could be analyzed. However, current estimates of precipitation are presently unreliable at high latitudes, especially during the snow season, and the amount of snow must therefore be examined in terms of SWE alone. It is important to note that mean values of SWE at the start and end of the snow season are thus indicative of both accumulation as well as the speed of snow onset/melt. At the start and end of the snow season, mean values of SWE are greater at sites where snowmelt and snow accumulation occur more rapidly, as these have fewer days with low reported values of SWE. Similarly, low values of SWE at the start or end of the snow season are indicative of less snow accumulation, or slower snow onset or melt. Although a brief exploratory analysis was conducted of all variables at the start/end of the snow/growing seasons, associations between these variables could not be discerned visually. The ACE technique instead provides insights into the shapes of these associations, and how they vary according to the time period and vegetation class over which they are examined. Conversely, a multivariate ACE analysis of these associations yielded much greater R 2 values for every vegetation class and time period relative to the linear regression (Table B1), while a univariate ACE analysis indicated highly significant (p value < 10 −5 ) pairwise associations for all vegetation classes, variables and time periods. Moreover, the p values of all coefficients in multivariate ACE analysis were also highly statistically significant. As a result, we can conclude that there exists no collinearities in the nonparametrically transformed growing-season variables when these are transformed to linearize their associations with transformed values of SWE. The findings from this stage of preliminary regression analysis strongly support the employment of the nonparametric ACE technique to explore the nonlinear associations within this data set.
Preliminary regression analysis
ACE
The ACE approach was applied to determine the strength and directionality of the associations between SWE and growingseason values for each vegetation class and time period separately. Associations between these data sets could therefore be examined despite their lack of temporal overlap by comparing: (1) mean growing season with snow season values; (2) mean values of SWE over the last thirty preceding the onset of snowmelt with mean land surface values over the first thirty days with a snow-free and unfrozen land surface following snowmelt; and (3) mean land surface variables over the last thirty days of the growing season before snow onset with mean values of SWE occurring after the first observation of dry snow on frozen ground after the end of the growing season. These time periods are referred to as "mean", "spring" and "autumn", respectively, throughout the paper. For a thorough description of study limitations, please refer to Appendix B. All ACE analysis was conducted in R (?) using the acepack library (Spector et al., 2013) .
Results and Discussion
Findings from the ACE analysis of associations between SWE, air temperature, soil moisture and vegetation transmissivity are presented and discussed below in relation to in situ observations. The results have been divided into separate sections according to the growing-season values associated with SWE, with subsections corresponding to different time periods. Each section contains tables showing the strength of associations (R 2 value) of ACE transformed SWE and growing-season values (Table B1) , and plots indicating the optimal transformations of SWE and growing-season values according to the seven vegetation classes (Figs. 4a-c, 4d -g, 5a-c, 5d-g, 6a-c and 6d-g).
Air temperature and SWE
At tundra sites, a positive, nonlinear association exists between mean annual SWE and mean growing-season air temperatures such that sites which tend to be slightly warmer tend to accumulate more snow than cooler sites. Yet, sites that tend to be warmer at the start and end of the growing season tend to contain less snow during initial snow onset and final snowmelt each year.
North of the treeline, greater mean annual SWE with warmer growing seasons
The associations between mean 2003-2008 SWE and growing-season air temperature at tundra sites are nonlinear. As a result, findings from the linear regression approach indicate weaker associations at tundra sites (R 2 = 0.04-0.20) (Table A1 ) than detected by the ACE transformations (R 2 = 0.20-0.38) ( Table B1 ). The associations between growing-season air temperature and SWE are weaker over forested regions, likely due to seasonal discrepancies in the mean growing season and mean snow season air temperatures (Overland et al., 1997; Rigor et al., 2000; Adams et al., 2000; Serreze and Barry, 2005) . The following analysis therefore focuses mainly on the associations observed north of the treeline, although all plots can be found in Figs. 4a-c and 4d-g.
Examinations of Fig. 4e -g indicate sharp, positive transformations applied to low values of SWE (< 75 mm). Likewise, these plots show that the positive association between air temperature and SWE at these locations exists for sites with a mean annual growing-season temperature of < 10 • C.
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Analysis of the ACE transformations provides an important source of information for understanding these linkages. Arctic tundra regions are characterized by very cold temperatures during the snow season that limit the availability of water vapor and the rate of precipitation (Bonan, 2002; Serreze and Barry, 2005) , thereby resulting in diminished accumulation of snow, and it is likely that the influence of diminished water vapor explains the association between SWE and growing-season air temperature. Analysis of the ACE transformations therefore indicates that in tundra regions with < 75 mm of SWE and mean growing-season air temperatures of 0-10 • C, sites that tend to have slightly warmer air temperatures will likely tend to accumulate greater quantities of SWE.
Warmer spring/autumn temperatures and less SWE
ACE analysis indicated that weak, approximately linear associations exist between warmer air temperatures and diminished SWE at the start and end of the snow season ( Table B1 ).
Regions that tended to be warmer at the start and end of the snow season therefore tended to have less SWE at the start and end of the snow season, or more gradual snow onset or melt.
The associations between autumn SWE and air temperature were found to be weaker over tundra regions (ACE R 2 = 0.06-0.10) than forested regions (ACE R 2 = 0.14-0.25). As forest soils have been observed to be warmer and to freeze more gradually than tundra soils at the start of the snow season (Rouse, 1984; Smith et al., 1998) , it is likely that the influence of antecedent growing-season air temperatures on the capacity of a dry snowpack to develop at the start of the snow season would be stronger over regions without permafrost.
Soil moisture and SWE
The ACE transformed associations between mean annual SWE and mean growing-season soil moisture are weak across all vegetation classes (0.02-0.09) (Table B1 ) due to the large number of confounding factors affecting the association between soil moisture and SWE. The results must therefore be interpreted with caution. However, although the associations between mean annual values are generally weak and nonlinear, a positive association exists between mean annual SWE and soil moisture at sites with very low SWE (< 90 mm) and low soil moisture (< 0.17). The observed thresholds correspond with thresholds observed in situ. When considered over the start/end of the snow/growing seasons, the associations are relatively weak across all vegetation classes (0.02-0.17). Despite challenges in elucidating these associations due to confounding factors, it is interesting to note that a weak inverse association appears to exist between SWE and soil moisture in spring and autumn (Figs. 5a-c and 5d-g) which has also been observed in situ.
Mean annual SWE and soil moisture
The relationships between mean annual SWE and soil moisture are weak, nonlinear, and vary according to vegetation class over which they are examined. Seasonal differences in precipitation patterns (Serreze and Barry, 2005) , as well as confounding factors such as soil freeze patterns, vegetation (Hardy et al., 2001; Johnsson and Lundin, 1991) , ponds (French and Binley, 2004) , topography (Burt and Butcher, 1985) and soil type (Janowicz et al., 2003; Williams and Ratsetter, 1999 ) are likely to limit the strength of the associations between SWE and soil moisture, and limit the extent to which these associations can be regionally generalized. Nevertheless, the ACE transformations indicate that positive associations exist between mean annual SWE and soil moisture in forested and barren regions that accumulate little snow (SWE < 90 mm) and have low soil moisture (< 0.17). Similarly, a positive association between soil moisture and SWE is observed over shrub-dominated regions for all values of SWE and soil moisture, and over mixed forest regions accumulating less than 100 mm of SWE.
The influence of very low SWE (< 100 mm) has been studied in situ at barren (Ayres et al., 2010) and hardwood (Hardy et al., 2001) sites. Findings indicated that snow removal at the hardwood site resulted in greater soil heat loss, and therefore increased the proportion of ice in soil. As a result, snowmelt infiltration and soil moisture were reduced in plots where snow was removed (Hardy et al., 2001) . Similarly, experimental manipulation of snow accumulation at a polar desert indicated that sites where greater quantities of snow were accumulated tended to have greater levels of soil moisture during the following growing seasons relative to paired control sites (Ayres et al., 2010 ). In the previously described experimental plots simulating low snow conditions, the barren site accumulated 10-50 mm of SWE and the hardwood site accumulated 80-100 mm of SWE. As a result, these studies indicated that diminished SWE led to diminished soil moisture in barren and hardwood plots with < 100 mm of SWE. Therefore, although the R 2 values from this study indicate that a weak and nonlinear association exists between SWE and soil moisture across all vegetation classes, the ACE approach has elucidated similar thresholds and linkages as those which have been recorded in situ.
The ACE approach also indicated that a greater mean annual SWE is associated with greater soil moisture across all values observed over shrub-dominated regions, and at low (< 0.15) levels of soil moisture in evergreen forests and graminoid tundra. Similarly, in a study conducted at the regional scale, anomalies in maximum annual snow depth and soil moisture were found to be associated in a semiarid region of Eurasia north of the Caspian-Aral seas (Shinoda, 2001) . This region has maximum annual values of < 150 mm of SWE, and is classified as evergreen and deciduous forest in the present study. In years where snow accumulation tended to be greater, snowmelt onset was found to occur later and larger values of soil moisture were observed during the following growing season. The finding by Shinoda (2001) that SWE and soil moisture tend to be associated over semiarid evergreen regions is therefore consistent with findings from this study, which indicate positive associations between mean annual SWE and soil moisture at sites that tend to receive less mean annual SWE and tend to have low soil moisture.
SWE and soil moisture in spring and autumn
The associations between soil moisture and SWE are weak when examined over thirty-day time periods in spring (ACE R 2 = 0.02-0.17) and autumn (ACE R 2 = 0.06-0.12). Just as with the associations between mean annual SWE and soil moisture, the presence of multiple confounding factors as well as the temporal gap between liquid and solid precipitation mean that the associations found from this analysis are weak and must be interpreted cautiously. At mixed forest and deciduous sites, ACE transformations indicates that a positive association exists between spring soil moisture and SWE at sites with low (< 75 mm) snow accumulation. Similarly, results from a snow depth manipulation experiment conducted in a hardwood forest indicated diminished soil moisture following snowmelt in a hardwood forest with very low snow accumulation (Hardy et al., 2001) .
The associations between SWE and soil moisture over remaining vegetation classes and time periods are slightly more complex. Although snow accounts for a large portion of annual precipitation, little of the moisture released through snowmelt in the Arctic is retained by soil (Willis et al., 1961) due to rapid snowmelt, runoff and outflow (Hardy et al., 2001; Johnsson and Lundin, 1991) . For example, in a study at the Imnaviat Creek Arctic headwater, snow accumulation in spring accounted for 28-40 % of annual precipitation, only 10-19 % of the liquid water arising from snowmelt was stored in the active layer (Kane et al., 1991) . Regions with greater accumulation of snow tend to contribute a larger percentage of snowmelt to runoff (Willis et al., 1961; Staple et al., 1960) . It is therefore less likely that a positive association would be observed between SWE and soil moisture in spring and autumn in areas underlain by permafrost.
An inverse relationship is observed to exist between soil moisture at the end of the growing season, and the accumulation of SWE at the start of the snow season for all vegetation classes (Figs. 5a-c and 5d-g ). Soil freezing occurs more slowly over wet soils than dry soils due to the influence of moisture on soil heat capacity (Willis et al., 1961; Hardy et al., 2001) . As snow can only accumulate over cool soil surfaces, it is reasonable that soils which cool more rapidly at the start of the snow season may undergo greater net snow accumulation after freezing than warmer, wetter soils. Likewise, in spring, an inverse association between soil moisture and SWE was observed over evergreen, shrub, tundra and barren regions with low (< 0.1) soil moisture. The portion of snowmelt that infiltrates into the soil surface relies on the rate of snowmelt, soil water, soil frost and soil drainage (Hardy et al., 2001; Johnsson and Lundin, 1991 ). An inverse association therefore exists between seasonal infiltration and soil moisture levels during snowmelt (Zhao and Gray, 1999) . The soil frost and soil drainage patterns at the end of the snow season can also be influenced by the levels of soil moisture observed prior to soil surface freezing at the start of the snow season (Hardy et al., 2001; Suzuki et al., 2006) . Soils which are drier at the start of the snow season freeze more deeply than wetter soils and also thaw out more gradually (Willis et al., 1961) . Furthermore, soils with frozen upper layers have diminished infiltration due to the influence of ice on reducing soil pore size and permeability (Zhao and Gray, 1999) . Therefore, since drier soils tend to freeze faster and more deeply than wet soils, more opportunity exists for snow accumulation to occur at the start and end of the snow season over dry soils because melt is less likely to occur. Soils which are more thoroughly frozen throughout the snow season are likely to receive less infiltration of snowmelt, and are therefore likely to be drier at the start of the growing season. It is interesting to note that the output from the ACE analysis appears to agree with these field-scale findings. However, the associations observed using the ACE technique are weak due to the strength and number of confounding factors. Further analysis will be required using different data sets to gain a better understanding of these linkages.
Vegetation transmissivity and SWE
Mean annual SWE and vegetation transmissivity generally have a negative association north of the tree line, indicating greater SWE accumulation in regions with greater surface roughness or aboveground biomass (Figs. 6a-c and 6d-g ). Conversely, the association between SWE and vegetation transmissivity in forested regions tends to be positive, such that SWE accumulation is limited in areas with greater aboveground biomass. At the start and end of the snow season, vegetation transmissivity is positively associated with SWE, which indicates more rapid melt or less snow accumulation at the start and end of the snow season in regions with more vegetation.
Mean annual SWE and vegetation transmissivity
The association between mean annual SWE and mean vegetation transmissivity (2003) (2004) (2005) (2006) (2007) (2008) varies according to the predominant land cover, as well as the quantity of SWE received. In Arctic regions north of the tree line with a mean SWE accumulation of < 75 mm, an inverse association exists between vegetation transmissivity and SWE, indicating that locations with slightly more vegetation lost less snow to sublimation than regions with less vegetation. Shrub-dominated regions north of the tree line have often been observed to trap snow more readily than regions which are more sparsely vegetated (Pomeroy et al., 1997; Sturm et al., 2001a, b; Liston and Sturm, 2002; Essery and Pomeroy, 2004) . Shrubs have greater snow-holding capacity then graminoid or barren vegetation since shrubs reduce near-ground wind speeds, thereby allowing greater deposition and less loss due to sublimation (Essery and Pomeroy, 2004; Sturm et al., 2001a; Fitzgibbon and Dunne, 1979) . From the ACE analysis, it appears that this influence is strongest over regions with less SWE. Due to the nonlinearity of the association between mean annual SWE and vegetation transmissivity over tundra and barren sites, the ACE transformation is useful since it identifies the shape of this association (R 2 = 0.19-0.29) whereas a linear regression approach would only have indicated that a weak linear association exists between variables (R 2 = 0.06-0.15). The association between vegetation cover and SWE may also be due in part to the influence of local precipitation on vegetation species compositions, which has previously been observed over the Brooks Range of Alaska by Evans et al. (1989) . In northern regions, the health and productivity of vegetation can be compromised by very cold air, low soil temperatures and rain-on-snow events. Snow has been observed to provide vegetation with insulation from cold soil temperatures, and protection from dehydration, frost damage and high winds (Wardle, 1968; Tranquillini, 1964) . Therefore, where snow accumulation is more substantial and remains on the ground for a longer time in spring, higher NDVI values have been observed (Grippa et al., 2005) , which indicate greater health or quantity of aboveground biomass (Jensen, 2007) .
Areas that tend to lose less snow through sublimation, and accumulate more snow through windblown deposition, also tend to accumulate greater quantities of windblown organic materials throughout the snow season (Walker et al., 2001) , and undergo greater rates of organic matter decomposition throughout the snow season since they have warmer soil temperatures (Nowinski et al., 2010) . Both of the aforementioned influences can lead to nutrient rich conditions in regions receiving greater accumulation of snow, which can create growing-season conditions that are conducive to plant growth. It is therefore possible that greater quantities of snow and vegetation tend to be collocated in Arctic regions due to the influence of snow on encouraging plant growth, and the influence of vegetation on encouraging snow accumulation. Spatial variability may therefore also play a role in this association, as high Arctic regions both accumulate small quantities of snow and contain little aboveground biomass.
The ACE analysis indicates that snow accumulation at low SWE (< 115 mm) evergreen forest sites is maximized when less vegetation is present (R 2 = 0.10). Likewise, field studies have found that snow accumulation is greater in clearings than coniferous forests (Golding and Swanson, 1986; Gelfan et al., 2004) , since coniferous trees intercept snowfall, and have been observed to allow 20-50 % of precipitation to evaporate or sublimate Lundberg and Halldin (2001) . However, although coniferous stands with dense crowns limit snow accumulation, sparser evergreen forests can encourage snow deposition (Church, 1933) . Based on the findings from the ACE analysis, it appears that the effects of evergreen forests on limiting snow accumulation are strongest at lower SWE (< 115 mm) sites, whereas at higher SWE (>115 mm) sites, a slightly positive association appears to exist between vegetation biomass and SWE. This could be due to the effect of dense boreal forest cover, which causes SWE to be underestimated from satellite passive microwave observations. However, it is also reasonable that wind redistribution would be a dominant process when availability of fresh snow is great, but that sublimation, interception and melt would be dominant processes when snow accumulation is limited. It is also interesting to note in this context that over deciduous forests, vegetation biomass and SWE are inversely associated over all levels of SWE.
Assessment of these associations over mixed forest and shrub classes indicates that the associations between SWE and vegetation transmissivity are intermediate between those observed over tundra regions, and forested regions. Likewise, as the vegetation classes represent fractional portions of 25 km pixels according to the CAVM-SYNMAP-derived classification, both the mixed forest and shrub classes contain a mixture of forest and non-forest vegetation. Over mixed forested regions, vegetation biomass and SWE are positively associated over areas with lower SWE (<75 mm), just as observed as a result of shrub cover over tundra regions. In shrubland areas containing large quantities of biomass and SWE, vegetation biomass and SWE are inversely associated. Conversely, in shrublands with diminished vegetation biomass, regions with greater biomass have greater SWE. Further field investigations would be required to better elucidate these drivers and clarify the dependence of these associations on the stated thresholds.
In spring and autumn, slower snowmelt in areas with more vegetation
Across all vegetation classes, positive associations of moderate strength exist between the mean values of SWE over the last thirty days of the snow season and the mean values of vegetation transmissivity over the first thirty days of the growing season (ACE R 2 = 0.19-0.31). The presence of this association indicates that regions with greater quantities of vegetation or greater surface roughness tend to contain a lower mean quantity of snow over the last thirty days of the snow season. This association is approximately linear across all vegetation classes (Figs. 6a-c and 6d-g ).
Field studies have largely indicated that snow depletion in forested regions occurs more gradually in regions with greater quantities of vegetation. The rates of snowmelt in
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boreal and taiga forests have been observed to diminish with increasing canopy density (Pomeroy and Dion, 1996; Pomeroy et al., 1997; Metcalfe and Buttle, 1998; Gelfan et al., 2004) . This effect is due to the influence of the forest canopy on limiting shortwave radiation received by snow, and its effect on slowing wind speeds, thereby limiting fluxes of latent and sensible heat (Metcalfe and Buttle, 1998) .
When examining vegetation transmissivity over the last thirty days of the growing season against SWE over the first thirty days of the snow season, a positive, approximately linear association of moderate strength can be identified for all sites south of the tree line (ACE R 2 = 0.17-0.30). Forested sites containing greater quantities of aboveground biomass therefore tend to accumulate less snow over the first thirty days following the date of initial snowfall than sites with less biomass. Field studies have indicated that interception and sublimation by dense canopies diminish snow accumulation (Pomeroy et al., 1999 (Pomeroy et al., , 2002 Lundberg and Halldin, 2001) . The observed associations between SWE and vegetation biomass over tundra and barren regions appear weak but positive. However, to date, field studies have focused mainly on characterizing the influence of vegetation on mean annual snow accumulation, and on the magnitude and timing of snowmelt. A better understanding of these interactions could therefore be acquired through in situ observations of the effects of vegetation compositions on distributions of snow at the start of the snow season.
Conclusions
The Alternating Conditional Expectation (ACE) approach revealed nonlinear associations between passive microwavederived snow water equivalent, and growing-season air temperature, soil moisture and vegetation transmissivity. Although the drivers of snow accumulation vary according to the scale at which they are examined (Pomeroy et al., 2002) , and uncertainty exists in passive microwave estimates of the Arctic land surface due to its heterogeneity and high lake fraction (Duguay et al., 2005; Rees et al., 2006; Green et al., 2012) , it is interesting to note the similarity existing between the linkages, thresholds and associations found in situ and through ACE analysis of passive microwave observations (at 25 km resolution).
Across all vegetation classes, sites with more aboveground biomass at the start and end of the growing season tend to have lower mean values of SWE over the first and last thirty days of the snow season. Field studies have found that snowmelt occurs more gradually over barren or graminoid tundra regions with more vegetation due to shading and slowed wind speeds (Metcalfe and Buttle, 1998) , and that snow accumulation is diminished over forested regions with greater canopy density due to interception and sublimation (Pomeroy et al., 2002) . The ACE technique also indicated that sites with drier soils at the end of the growing season tended to accumulate more snow at the start of the snow season. Likewise, in situ observations have indicated more rapid and thorough freezing of soils which were dry at the start of the snow season (Willis et al., 1961) , which could allow snow to accumulate more easily over cooler soils.
In forested regions, sites that tend to accumulate less snow also tend to have greater canopy density, as indicated by diminished vegetation transmissivity. Field studies have indicated that snow accumulation in heavily forested areas is limited due to canopy interception and sublimation (Church, 1933; Pomeroy et al., 2002) . ACE analysis also indicated that within forested regions accumulating < 90 mm of SWE, sites with greater SWE tended to also have greater soil moisture, an observation similar to the in situ findings by Hardy et al. (2001) .
In Arctic tundra regions with lower (< 75 mm) SWE, more snow is accumulated at sites with warmer growing-season temperatures and greater biomass or surface roughness, as indicated by diminished values of vegetation transmissivity. Arctic regions with warmer annual air temperatures have greater moisture availability for snow season precipitation (Serreze and Barry, 2005) , and snow is preferentially accumulated in regions with greater vegetation or surface roughness (Walker et al., 2001) . Over dry (< 0.1 soil moisture) Arctic areas, sites that have more snow at the end of the snow season tend to have wetter soils at the start of the growing season. Arctic regions that have more snow for the last thirty days of the snow season also tend to have have cooler temperatures at the start of the growing season, likely due to the rapid snowmelt undergone by cold, high latitude sites (Bonan, 2002) .
Recent circumpolar predictions indicate that climate change may diminish the annual duration of snow cover and increase maximum annual SWE (Callaghan et al., 2011) , and that high latitude warming and altered snow season length can affect Arctic vegetation phenology and species composition Walker et al., 1999) . As the ACE technique has uncovered linkages between snow and growingseason land surface variables that bear great similarity to associations observed in situ, this also suggests that climatedriven changes in soil moisture, vegetation composition and air temperature may both influence, and be influenced by, shifts in the timing and accumulation of snow.
We therefore suggest that continued monitoring of Arctic ecosystems at the field scale be accompanied by applications of the ACE technique to monitor linkages between satellite passive microwave observations of snow and growing-season variables. We also suggest that snow and growing-season remote sensing observations be included in models estimates of NEE (e.g. (Luus et al., 2013a) ), since the linkages between snow/growing-season land surface characteristics vary according to the time period and vegetation class over which they are examined.
Minimum air temperature is calculated according to morning retrievals, and maximum air temperature is calculated according to late afternoon retrievals. Both estimates carefully account for the effects of vegetation, soil moisture, fractional cover of open water on land, and atmospheric water vapor. The complete details regarding calculations of air temperature can be found in Jones et al. (2010d) . Air temperatures from meteorological stations were used for calibration (270 stations) and validation (273 stations) of resulting products, with these stations being assigned randomly. Comparisons indicated root mean squared error (RMSE) values of 3.5 K between AMSR-E derived temperature and meteorological data. Larger errors were observed in regions with sparse vegetation, higher elevations and higher fractional cover of open water on land. Non-desert regions had RMSE values between 1 and 3.5 K, which shows better accuracy than previous approaches that had relied on carefully selected meteorological stations (Jones et al., 2010d) . For the purpose of this project, daily air temperature was calculated as the daily average of maximum and minimum temperatures reported by Jones et al. (2010d) .
A3 NTSG soil moisture (growing season)
The emissivity of soils depends largely on its dielectric properties. The real part of the dielectric constant increases as a function of soil moisture content. As a result, wetter soils have a diminished emissivity relative to drier soils (Njoku and Kong, 1977) . Passive microwave observations are most sensitive to subsurface soil moisture at low ( 3 GHz) frequencies, and at these low frequencies, the influences of vegetation and surface roughness is also limited (Njoku and Kong, 1977; Njoku and Chan, 2005) .
The NTSG soil moisture product therefore relies primarily on the lowest AMSR-E frequency (6.9 GHz) to generate estimates of surface (≤ 2 cm) soil moisture (Jones and Kimball, 2010a) . Soil moisture is expressed as a dimension-free value ranging between 0-1. Soil moisture was found to be correlated with precipitation at meteorological stations in the Northern Hemisphere (0.2 < r < 0.8) (Jones and Kimball, 2010b) .
A4 NTSG vegetation transmissivity (growing season)
Vegetation acts as an attenuating layer that diminishes the transmissivity of passive microwave radiation. The vegetation water content alters the dielectric properties of the landscape, such that there exists diminished emissivity over regions with greater vegetation water content (Jackson and O'Neill, 1990) . Furthermore, the vegetation canopy layers influence scattering (Jones and Kimball, 2010a) , generally resulting in increased scattering and diminished transmissivity over regions that have greater biomass, although the canopy structure (stem geometry, leaf orientation, angle distributions, spatial distribution, etc.) and type of vegetation also influence the surface roughness and scattering (Njoku and Chan, 2005; Jensen, 2007) . The optical depth of vegetation can thus be defined according to the height of the attenuating layer (z top ) and the extinction with height (k(z) in m −1 ) (Jones et al., 2010d) :
Over a vegetated region with a single species and relatively constant surface roughness, the attenuating influence of vegetation, or vegetation optical depth (τ ), can be estimated as a linear function of canopy water content (g in kg m −2 ) using a species-specific parameter (b): τ = b × g (Jackson and O'Neill, 1990) . A similar description is used by Jones et al. (2010d) to define the optical depth of northern hemispheric vegetation as a function of water content using a parameter α that expresses both the influences of roughness factors (h) and look angle (θ), as well as frequency and angular impacts on canopy extinction (b in m 2 kg −1 ):
Vegetation transmissivity to passive microwave radiation (t) can be expressed as the logarithmically scaled counterpart of vegetation optical depth: t = exp(−τ ). Vegetation transmissivity is calculated iteratively from a combination of inverted analytical expressions using AMSR-E inputs, emissivity and ratios, as detailed in Jones et al. (2010d) . Separate versions of the NTSG vegetation transmissivity product are available using inputs from the 6.9, 10.7 and 18.7 GHz channels. There is a great deal of similarity between these observations, and so only the 10.7 GHz channel is used in this analysis, just as in Njoku and Chan (2005) .
Comparisons of this product with Moderate Resolution Imaging Spectroradiometer (MODIS)-derived leaf area index, normalized difference vegetation index (NDVI) and enhanced vegetation index yielded correlations of up to 0.9 (Jones et al., 2011) . As the aforementioned MODIS products are typically used to estimate the vegetation health or quantity of aboveground biomass, it seems reasonable to assume that vegetation transmissivity likewise provides a relatively reliable estimate of the quantity of aboveground biomass.
Appendix B Limitations
The AMSR-E derived products analyzed in this study are all established products that have been individually validated, as summarized in Appendix A. However, the retrieval of accurate estimates of land surface properties from satellite passive microwave observations remains an area of ongoing scientific progress, and uncertainties therefore exist in these estimates. Presently, GlobSnow passive microwave retrievals of Analysis of the shape of the associations between SWE and growing-season variables therefore focuses primarily on values of SWE within these ranges. Furthermore, although the growing-season data sets have been found to perform reasonably well, there inevitably exist uncertainties in these data sets. The approach employed in this study takes into account the fact that these uncertainties exist, and therefore only compares relative values which are averaged over given time periods. For example, it is not assumed that estimates of SWE are highly accurate over very thick snowpacks, but that areas with greater mean reported values of SWE will, in fact, tend to have more snow accumulation than regions with smaller mean reported values of SWE. The strength of conclusions drawn from the ACE approach is limited due to uncertainties in passive microwave estimates of land surface properties, and due to the inherently weak associations existing between snow and growing-season land surface properties as a result of numerous confounding factors (e.g. soil type, vegetation species composition, rainfall, permafrost). Furthermore, although field studies can reveal insight into the exact processes determining land surface properties, an assessment of similarities in coarse resolution (25 km) passive microwave-derived estimates of the land surface cannot reveal specific processes. All results presented are therefore discussed in relation to existing literature on in situ processes. Similarities are often found between the associations derived from ACE and observed in situ; in these cases, it is likely that the same mechanisms and processes observed at the field scale are dominating regional scale land surface conditions. However, it is beyond the scope of this approach to provide definitive conclusions on regional scale processes.
Finally, the relationships observed through the ACE analysis could be applied to generate estimates within the 2003-2008 time period. However, since these ecological linkages may be altered under changing climate regimes, the ACEderived empirical relationships cannot be used to predict future behaviour. Numerous studies have applied processbased models to predict the response of high-latitude regions to climate change, and this remains an important area of research. The ACE technique could, however, be applied to monitor the strength and directionality of ecological linkages in order to shed light on the response of northern environments to ongoing changes in snow and growingseason conditions. The role fulfilled by the analysis presented in this paper therefore fills a gap in literature, but is in no way a replacement for ongoing improvements in passive microwave-derived estimates of land surface properties, in situ investigations of processes, or predictions of how climate change may affect Arctic regions.
